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Ontology-Based Knowledge Representation for Obsolescence
Forecasting
Abstract
Sustainment refers to all activities necessary to keep an existing system operational, continue to manufacture
and field versions of the system that satisfy the original requirements, or manufacture and field revised
versions of the system that satisfy evolving requirements [3].
The sales data is mainly in the form of number of units shipped. If it is not available, sales in market dollars or
percentage market share may be used, as long as the total market does not increase appreciably over time [6].
For some products, within the same type of the product, life cycle curves characterized by parameters k, μ,
and σ can vary with some primary attributes of the product. Examples are memory chips whose life cycle
curves vary with different memory sizes. Memory size is the primary attribute describing the memory chip
that evolves over time [6-8]. For these products, if the primary attributes of the product are not considered,
the parameters k, μ, and σ obtained from the sales data of the product are only average values for that product.
The time range of the zone of obsolescence can be determined using data mining of historical data (e.g., last-
order or last-ship dates) to achieve more accurate obsolescence forecasting [8].
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The impact and pervasiveness of diminishing manufacturing sour-
ces and material shortages (DMSMS) obsolescence are increasing
due to rapidly advancing technologies which shorten the procure-
ment lives of high-tech parts. For long field-life systems, this has
led to an increasing disparity in the life cycle of parts as com-
pared to the life cycle of the overall system. This disparity is chal-
lenging since obsolescence dates of parts are important to
product life cycle planning. While proposed obsolescence forecast-
ing methods have demonstrated some effectiveness, obsolescence
management is a continuing challenge since current methods are
very difficult to integrate with other tools and lack clear, complete,
and consistent information representation. This paper presents an on-
tology framework to support the needs of knowledge representation
for obsolescence forecasting. The formalized obsolescence forecasting
method is suitable for products with a life cycle that can be repre-
sented with a Gaussian distribution. Classical product life cycle mod-
els can be represented using the logic of ontological constructs. The
forecasted life cycle curve and zone of obsolescence are obtained by
fitting sales data with the Gaussian distribution. Obsolescence is fore-
casted by executing semantic queries. The knowledge representation
for obsolescence forecasting is realized using web ontology language
(OWL) and semantic web rule language (SWRL) in the ontology edi-
tor Prote´ge´-OWL. A flash memory example is included to demon-
strate the obsolescence forecasting procedure. Discussion of future
work is included with a focus on extending the ontology beyond the
initial representation for obsolescence forecasting to a comprehensive
knowledge representation scheme and management system that can
facilitate information sharing and collaboration for obsolescence
management. [DOI: 10.1115/1.4023003]
Keywords: ontology, DMSMS, obsolescence, life cycle, forecast
1 Introduction
Fast moving technologies have caused high-tech parts to have
shortened procurement life cycles, rendering them obsolete
quickly. This is referred to as DMSMS: the loss or impending loss
of original manufacturers of items or suppliers of items or raw
materials [1]. DMSMS obsolescence is a significant problem fac-
ing many long field-life sustainment-dominated2 systems.
Sustainment-dominated systems such as aircraft avionics are often
produced for many years and maintained for decades. The typical
example is the B-52, a jet that was introduced in 1955, and is
expected to be in service until 2040. For such long field-life sys-
tems, DMSMS obsolescence often emerges before systems are
even fielded and recurs throughout their support life [2]. Obsoles-
cence results in high life cycle costs for long field-life systems,
and life cycle planning is essential for these systems to minimize
the life cycle cost.
The obsolescence dates of parts are important information
inputs during life cycle planning for long field-life sustainment-
dominated systems suffering DMSMS obsolescence since there is
rarely control over supply chains of these critical parts [3]. The
obsolescence dates of parts can be obtained by forecasting. There
have been several types of methods proposed including traditional
methods such as ordinal scale based approaches, in which the life
cycle stage of the product is determined from a combination of
technological attributes [4,5], methods based on forecasting the
product sales curve [6–8], and leading indicator methods, in which
a leading indicator product can be further identified in each life
cycle pattern of products that provides advanced indication of
changes in demand trends of products [9]. Results have been
mixed in the practical application of these obsolescence forecast-
ing methods, where under certain situations, some of these meth-
ods can produce good forecasts and others not.
One of the greatest challenges is that obsolescence forecasting
needs to work together with other methods such as design refresh
planning for obsolescence management. However, tools for obso-
lescence forecasting are currently very difficult to integrate with
other obsolescence management tools, because neither obsoles-
cence forecasting tools nor obsolescence management tools are
consistent in format. For example, the most prominent obsoles-
cence management tool is the DMSMS knowledge sharing portal
(KSP) by the Department of Defense [10]. It can report obsoles-
cence status of parts, identify alternative and substitute parts, fore-
cast part specific obsolescence risks, and consolidate part supply
and demands. But the information within DMSMS KSP is incon-
sistent and cannot be integrated together. The common root failure
of these tools is the lack of knowledge representation models for
DMSMS obsolescence. In order to move efforts toward the goal
of creating a web-centric enterprise-wide DMSMS management
solution, ontology, a backbone information model, will be
required [11]. Ontology is an explicit formal specification of the
terms and their relations for sharing information in a domain [12].
There have been many application instances of ontology. In prod-
uct design and development, an assembly design ontology has
been developed for collaborative product development [13]. On-
tology has also been applied to support product conceptual design
[14]. Defined ontologies can be reused, although no specific ontol-
ogy has been defined for the obsolescence problem.
Knowledge representation in this paper formalizes an obsoles-
cence forecasting method based on the product life cycle obtained
from sales data. Information about the life cycle curve is intro-
duced in the next section. The method, formalized with an ontol-
ogy framework, can be used for forecasting obsolescence of
products whose life cycle follows a Gaussian distribution. Ontol-
ogy representation for obsolescence forecasting is realized with
the web ontology language (OWL) and SWRL in the ontology
1Corresponding author.
Contributed by the Application Track Committee of ASME for publication in the
JOURNAL OF COMPUTING AND INFORMATION SCIENCE IN ENGINEERING. Manuscript
received February 18, 2011; final manuscript received October 29, 2012; published
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2Sustainment refers to all activities necessary to keep an existing system
operational, continue to manufacture and field versions of the system that satisfy the
original requirements, or manufacture and field revised versions of the system that
satisfy evolving requirements [3].
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editor Prote´ge´-OWL. The Prote´ge´-OWL editor is an extension of
Prote´ge´ that supports the OWL. OWL is the most recent develop-
ment in standard ontology languages, endorsed by World Wide
Web Consortium (W3C) [15]. It is based on a logic model which
makes it possible for concepts to be defined as well as described
[16]. SWRL is an expressive OWL-based rule language that can
be used to increase the amount of knowledge encoded in OWL
ontologies. It is intended to be the rule language of the Semantic
Web [17]. Finally, semantic queries can be executed based on
SWRL rules for obsolescence forecasting.
In the sections that follow, we first consider several life cycle
patterns along with their fit with common probability distribu-
tions. The framework of ontology representation for obsolescence
management is then presented. The procedure of obsolescence
forecasting and the life cycle ontology that represents life cycle
stages of the product is described. An example based on a 64 Mbit
monolithic flash memory is then provided to demonstrate the on-
tology representation for obsolescence forecasting. Finally, con-
clusions are provided.
2 Part Life Cycle Curve
The concept of product life cycle touches on nearly every facet
of marketing and drives many elements of corporate strategy,
finance and production. Product life cycle patterns (shown in
Fig. 1) were first presented by Rink and Swan [18]. Although
based on sales revenue, some of these are rarely seen in real life.
As shown, Figures 1(b) and 1(c) bound off the bottom line, and
(c) shows a repeating pattern, indicating products are revitalized
after a niche market. Figures 1(e)–1(h) show the tendency of a sta-
ble pattern, i.e., products with life cycle patterns that have no
DMSMS obsolescence. Figures 1(a), 1(i), and 1(j) show three of
the most common types life cycle patterns: symmetrical increase
and decrease in (a), fast increase versus slow decrease in (i), and
slow increase versus fast decrease in (j). Products with these life
cycle patterns will counter the problem of DMSMS obsolescence
since sales drops below some limit of viability. (Figure 1(d) is
simple and rarely seen and therefore not considered.)
The three most common product life cycle curves (a) (i) (j) in
Fig. 1 can be obtained by fitting the sales data with the probability
distribution function f ðxÞ. Examples of possible probability distri-
bution functions are listed in Table 1. The least squares method
Fig. 1 Product life cycle pattern [18]
Table 1 Probability distribution function for sales life cycle
curve
Name f ðxÞ Description
Gaussian distribution
ke
ðxlÞ2
2r2
l : location;r:scale
x 2 ð1;þ1Þ
Cauchy distribution k
1þ
x x0
r
 2  x0 : location;r: scale
x 2 ð1;þ1Þ
Logistic distribution k e
ðxlÞ=s
sð1þeðxlÞ=sÞ2 l : location;s : scale
x 2 ð1;þ1Þ
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[19] is applied for data fitting, which minimizes the sum of
squared residuals:
Minimize
Xn
i¼1
ðyi  f xið ÞÞ2 (1)
where xi is a time point and yi is a historical sale data at time xi.
Once the sales life cycle cure of a product is obtained, the obso-
lescence date when the sale drops to the certain limit can be deter-
mined. Considering uncertainty of time, a period of time is used
in place of the specific time point, named the zone of obsoles-
cence. The zone of obsolescence is defined to refer to a period of
time in which a product has high probability of being obsolete [6].
Only the classical life cycle pattern in Fig. 1(a) is discussed in
this paper. It is well suited since products such as these that can be
represented with the Gaussian distribution life cycle are common.
For example, the Gaussian distribution has been used by the Elec-
tronic Industries Association to define a standardized product life
cycle curve of electronic parts. It is also well known and familiar
to equipment suppliers [20]. As shown in Fig. 2, products with the
Gaussian distribution life cycle pass through six stages: introduc-
tion, growth, maturity, saturation, decline, and phase-out. These
stages take approximately the same time length. Life cycle pat-
terns in Figs. 1(i) and 1(j) are special cases of the Gaussian distri-
bution life cycle with some stages that are short in duration or are
even missing.
Solomon et al. proposed a method for obsolescence forecasting
for products with a life cycle curve that can be obtained by fitting
the sales data with the Gaussian distribution, and for which the
zone of obsolescence can be determined [6]. It captures market
trends and forecasts obsolescence of products for practical appli-
cations. This obsolescence forecasting method is adopted and for-
malized with ontology in this paper.
3 Framework of Obsolescence Ontologies
Basic ontology concepts include class, property, and individual
instances. Classes describe concepts in the domain and can be
arranged in taxonomic hierarchy (classes, subclasses, and super-
classes). Some important classes related to obsolescence manage-
ment include product, obsolescence forecasting, and obsolescence
resolution. A product class can be generated from either a compo-
nent class or an assembly class. A component class represents a
set of basic functional elements that are not further divided, and
an assembly class represents those which consist of components.
The classification of a product to be a component or an assembly
is determined based on the relationship between the product and
its use. For example, for a computer manufacturer, a motherboard
may be treated as one of the components to assemble a computer.
However, for a motherboard manufacturer, it is an assembly
which is built with microprocessors, memory, driver controllers,
and so on. An obsolescence forecasting class and an obsolescence
resolution are defined for proactive obsolescence management.
Common DMSMS resolutions include: Life or last time buys, part
substitution, redesign, aftermarket sources, emulation, and reclaim
[21]. Details of an obsolescence forecasting class will be dis-
cussed in Sec. 4. The concept of product in this paper is equivalent
to the concept of part for long field-life systems. Hence, the
defined obsolescence ontologies can be reused for managing obso-
lescence of a long field-life system via equivalent classes for prod-
uct and part, as shown in Fig. 3.
There are two types of properties: the object properties express-
ing relationships and the data properties expressing attributes.
Classes can be related to each other via object properties. They
follow the format of “class A-object property AB-class B” or
“class B- object property BA-class A.” Object properties AB and
BA represent the inverse relationships between classes: for object
property AB, class A is the domain, class B is the range; and vice
versa for object property BA. When one of the inverse relation-
ships is known, the other can be logically deduced by navigating
the ontology. Examples are “has zone of obsolescence” and ‘is
zone of obsolescence of’ relating the obsolescence forecasting
class and the product class, and “has obsolescence resolution” and
“is obsolescence resolution of” relating the obsolescence resolu-
tion class and the product class. Relationships between classes are
summarized in Fig. 3.
Some important data properties of the product class related to
obsolescence management are “sources,” “physical character-
istics,” “interface,” and “function.” Sources represent organiza-
tions where products (parts) come from and include original
manufacturers, distributers, brokers, and so on. According to the
definition of obsolescence, the product (part) is obsolete if it can
no longer be procured from original manufacturers. When obso-
lescence occurs (original manufacturers are lost), long field-life
system sectors often must resort to obtaining parts from brokers
and other aftermarket sources that may or may not be approved by
the original manufacturer. For choosing sources, cost and obsoles-
cence date also need to be taken into account. Physical character-
istics indicate dimensional and material properties of a part that
are generally measurable, such as form and fit; interface indicates
an interaction relationship of the part with others in the system;
and function indicates the role of the part plays in the system.
Physical characteristics interface, and functions are important
properties for seeking the substitution of the obsolete product
(part). Only the substitutions with identical or similar slots can be
used. The framework of obsolescence ontologies is shown in
Fig. 3.
When the product class is incorporated into the system as its
equivalent part class, the built system can be described with
description logic with restrictions and logic operators. A restric-
tion describes a class based on the relationships that members of
the class participate in. Typical restrictions are existential restric-
tions and universal restrictions. Existential restrictions, denoted
by “some,” describe classes of individual instances that participate
in a least one relationship along a specified property to a specified
class. Universal restrictions, denoted by “only,” describe classes
of individual instances that for a given property only have rela-
tionships along this property to a specified class. Logic operators
like “and” and “or” cement simple class descriptions together to
build up complex class descriptions [16]. The information about
which parts build up the system can be obtained from the bill of
materials (BOM). Object properties “has part” and “is part of”
relate the part class with the system class. As shown in Fig. 4, sys-
tem A consists of part a, part b, and part c. The closure axiom is
applied in this example. The closure axiom makes the system
“have and only have” those parts in the BOM. It includes the parts
in the BOM with existential restrictions “some,” and excludes the
parts not in the BOM with universal restrictions “only.”
4 Obsolescence Forecasting Ontology
Obsolescence forecasting formalized with ontology is based on
product life cycle. In this section, the product life cycle class is
described with six stages. Then obsolescence forecasting, realized
with SWRL rules, is presented.
Fig. 2 Gaussian distribution life cycle curve [1]
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Fig. 4 Description logic for a system class example
Table 2 Product life cycle stages and their characteristics [1,6,20]
Characteristics
Stages Sales Price Usage Part modification Competitors Manufacturer profit
Introduction Slow increase Highest Low Frequent Few Low
Growth Increasing rapidly Declining Increasing Major High Increasing
Maturity Stable Stable Stable Periodic changes Stable number Stable
Saturation Leveling out Stable Stable Few Decline begins Stable
Decline Decreasing Rising Decreasing Few or none Declining Reasonable for survivors
Phase-out Lifetime buys offered High Decreasing None Declining Reasonable for survivors (aftermarket)
Fig. 3 Framework of obsolescence ontologies
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4.1 Product Life Cycle Ontology. The product normally
passes through six stages: introduction, growth, maturity, satura-
tion, decline, and phase-out, as shown in Fig. 2. Each stage is
associated with several characteristics such as sales, price, usage,
and so on. Life cycle stages and their characteristics are summar-
ized in Table 2. The product life cycle class is defined with data
properties including “start,” “end,” and “characteristics.” Start and
end describe start time and end time of the product life cycle period.
And characteristics describe characteristics associated with the life
cycle, which are shown in Table 2. A product life cycle class has six
subclasses representing six stages of the life cycle. These subclasses
inherit the properties from the product life cycle class. The start time
of one stage class equals to the end time of its previous stage class if
there is no special indication, except the start time of the introduction
class and the end time of the phase-out class. Classes of the product
life cycle ontology are shown in Fig. 5.
The covering axiom is applied to the product life cycle ontol-
ogy. A covering axiom consists of two parts: the class that is being
covered and the classes that form the covering. It specifies a class
is covered by its subclasses, which means that a member of the
class must be a member of at least one of its subclasses. If sub-
classes are disjoint, a member of the class must be a member of
the only one of its subclasses [16]. The covering axiom for the
product life cycle ontology can be illustrated with the set theory
as follows
Bi  A i ¼ 1; 2; 3; 4; 5; 6ð Þ
A  ðB1 [B2 [B3 [B4 [B5 [B6Þ
Bi \Bj ¼ ;ði 6¼ j; i ¼ 1; 2; 3; 4; 5; 6; j ¼ 1; 2; 3; 4; 5; 6Þ
(2)
Where
A represents the product life cycle class;
Bi=j represents the subclass i=j of the product life cycle class
(B1 represents introduction, B2 represents growth, B3 represents
maturity, B4 represents saturation, B5 represents decline, and B6
represents phase-out.).
The product life cycle ontology is applied with the covering
axiom, and its subclasses are disjoint, so a member of the product
life cycle class must be a member of either introduction, or
growth, or maturity, or saturation, or decline, or phase-out, in ac-
cordance with the fact that a product can only be in one stage of
the life cycle at a time. The description logic with restrictions and
logic operators for the product life cycle class is shown in Fig. 6.
Not all products conform to the six life cycle stages. Some may
undergo a false start and die out, and others may be revitalized af-
ter a niche market. The life cycle of these products may only con-
sist of some of the six life cycle stages. These products are not
discussed in the paper, but associated life cycle ontologies can be
defined in the same way.
4.2 Obsolescence Forecasting With SWRL. For the product
with the Gaussian distribution life cycle, the sales life cycle curve
of a product is obtained by fitting the historical sales data3 with
the Gaussian distribution using Eq. (1), that is
Minimize
k; l; r
Xn
i¼1
ðyi  f xið ÞÞ2 ¼
Xn
i¼1
yi  ke
ðxilÞ2
2r2
 !2
(3)
When the minimum of the sum of squared residuals is found,
three parameters of the life cycle curve k; l; r are determined.4
The time ranges of the zone of obsolescence and six stages are
defined as following: the zone of obsolescence (lþ 2:5r;
lþ 3:5rÞ, introduction (l 3r;l 2r), growth (l 2r;l r),
maturity (l r; l), saturation ðl;lþ r), decline (lþ r; lþ 2r),
and phase-out (lþ 2r; lþ 3r).5 The procedure of obsolescence
forecasting for the product with the Gaussian distribution life
cycle is shown in Fig. 7.
The procedure of obsolescence forecasting is represented with
SWRL rules, and queries can be executed based on these rules.
The SWRL rule is in the form of an implication between an ante-
cedent and a consequent: antecedent ! consequent. Meaning,
whenever the conditions specified in the antecedent hold (are
true), then the conditions specified in the consequent must also
hold (be true). An antecedent and a consequent are both conjunc-
tions of atoms. Atoms are basic units that SWRL rules consist of,
and can be of the form C(x), P(x,y), sameAs(x,y) or different-
From(x,y), where C is a class, P is a property, and x, y are either
variables, individuals or data values [22]. The SWRL rule for ob-
solescence forecasting is shown in Fig. 8. A product is forecasted
to be obsolete in the specific future time p, if the start time of the
zone of obsolescence is less than p, where p is a constant in the
execution which represents the time value.
This procedure of obsolescence forecasting is only appropriate
for products with a sales life cycle that follows a Gaussian distri-
bution. Other forecasting methods are required for products whose
sales life cycle curve does not follow the Gaussian distribution.
This class of problems is not addressed in this paper.
5 Example
This section demonstrates the ontology representation for prod-
uct life cycle concepts and the method of obsolescence forecasting
with a flash memory example. Flash memory is a common form
of external memory that can be used by many electronic systems
for storage and transfer of data. The recorded sales data of the 64
Mbit monolithic flash memory for the 1995–2002 time period pro-
vides that basis for the example (see Table 3). This memory was
not introduced into the market until 1996.
The first step is to fit sales data with the Gaussian distribution
function. When the objective of minimizing the sum of squared
residuals is achieved, the life cycle curve of the 64 Mbit mono-
lithic flash memory is obtained, as shown in Fig. 9 with a dashed
line. The historical sales data is also shown in the same figure
using a solid line. Since the data in this case is fitted well (dashed
line), the curve line of historical sales data (solid line) is almost
completely covered by the life cycle curve. The values of three
parameters of the life cycle curve k, l, and d are 543.411 106,
2003.861 year and 2.0345 years. The time ranges of the six life
cycle stages are introduction (1997.758, 1999.792), growth
(1999.792, 2001.827), maturity (2001.827, 2003.861), saturation
Fig. 5 Product life cycle ontology
3The sales data is mainly in the form of number of units shipped. If it is not
available, sales in market dollars or percentage market share may be used, as long as
the total market does not increase appreciably over time [6].
4For some products, within the same type of the product, life cycle curves
characterized by parameters k, l, and r can vary with some primary attributes of the
product. Examples are memory chips whose life cycle curves vary with different
memory sizes. Memory size is the primary attribute describing the memory chip that
evolves over time [6–8]. For these products, if the primary attributes of the product
are not considered, the parameters k, l, and r obtained from the sales data of the
product are only average values for that product.
5The time range of the zone of obsolescence can be determined using data mining
of historical data (e.g., last-order or last-ship dates) to achieve more accurate
obsolescence forecasting [8].
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(2003.861, 2005.896), decline (2005.896, 2007.930), and phase-
out (2007.930, 2009.965). The time range of the zone of obsoles-
cence is (2008.947, 2010.982). The forecasted sales data after
2002 is shown in Table 4.
To formalize obsolescence forecasting, related information of
the product is represented with an ontological model, implemented
using Prote´ge´-OWL. Since the 64 Mbit monolithic flash memory is
not further divided, it is an individual instance of a component
class. The values of the properties related to obsolescence forecast-
ing have been specified with data obtained from previous calcula-
tions. Figure 10 shows screenshots of the 64 Mbit monolithic flash
memory ontology “monlithic_flash_memory_64M” example in
Prote´ge´-OWL. It has two important properties “has_life_cycle” and
“has_zone_of_obsolescence.” Values of the properties point to the
product life cycle “product_life_cycle_monlithic_flash_memory” and the
zone of obsolescence “zone_of_obsolescence_monlithic_flash_memory”
of 64 Mbit monolithic flash memory.
Based on the ontology representation for the product, queries
for obsolescence forecasting can then be executed. For the 64
Mbit monolithic flash memory, a forecast is performed to
determine whether or not it will be obsolete in 2010. As
shown, 2010 is the specific future time of interest in the SWRL
rule for obsolescence forecasting in Fig. 8. The class
“Forecasted_to_be_obsolete_in_2010” is defined to contain all
individual instances the product which are forecasted to be obsolete
in 2010. After executing queries, the 64 Mbit monolithic flash mem-
ory appears in the class “Forecasted_to_be_obsolete_in_2010,” so it
is forecasted to be obsolete in 2010. The process of obsolescence
forecasting is completed. Figure 11 shows the screenshot of the
SWRL rule and the result after executing queries in Prote´ge´-
OWL. In this example, the 64 Mbit monolithic flash memory is
the only product which is forecasted to be obsolete in 2010.
6 Summary and Conclusions
This paper has presented an ontology framework for obsoles-
cence forecasting. Obsolescence forecasting is a necessary part of
DMSMS obsolescence management for long field-life sustain-
ment-dominated systems. Information from the obsolescence fore-
casting (e.g., the obsolescence date of the part) is important input
for design refresh planning (one way of strategic obsolescence
management) of the systems. The obsolescence forecasting
Fig. 7 Flow diagram of obsolescence forecasting for product
with Gaussian distribution life cycle
Fig. 8 SWRL rule for obsolescence forecasting
Fig. 6 Description logic for the product life cycle class
Table 3 Recorded sales data of the 64 Mbit monolithic flash
memory for 1995–2002 [23]
Year 1995 1996 1997 1998 1999 2000 2001 2002
Unit shipments
(millions)
N/A 0.1 1 12 35 90 200 360
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Table 4 Forecasted sales data of the 64 Mbit monolithic flash
memory after 2002
Year
Recorded
sales data
Life cycle
curve Residual
Squared
residual
1996 0.1 0.311133913 0.21113 0.044578
1997 1 1.84221418 0.84221 0.709325
1998 12 8.566537579 3.433462 11.78866
1999 35 31.28549001 3.71451 13.79758
2000 90 89.73317458 0.266825 0.071196
2001 200 202.132216 2.13222 4.546345
2002 360 357.5942078 2.405792 5.787836
2003 496.8414811
Forecasted
sales data
Minimum
sum¼ 36.74533
2004 542.1477424
2005 464.6114338
2006 312.7048136
2007 165.2919388
2008 68.61849912
2009 22.37191647
2010 5.728456208
2011 1.151978674
2012 0.181938125
gFig. 9 Life cycle curve of the 64 Mbit monolithic flash memory
Fig. 10 Screenshots of the 64 Mbit monolithic flash memory ontology in the Prote´ge´-OWL
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method represented with ontology fits the sales data to obtain the
product life cycle curve, and computes both years to obsolescence
and life cycle stages based on the life cycle curve [6]. Compared
to previous methods such as ordinal scale based approaches [4,5]
that rely on unquantifiable technological attributes, the primary
feature of the method is that it can capture market trends for mak-
ing obsolescence forecasting. In addition, the method includes fol-
low on steps to realize more accurate obsolescence forecasting,
including a data mining based approach [8] that determines the
time range of the zone of obsolescence using data mining of his-
torical data and a leading indicator method [9] to further identify a
leading indicator product among particular types of product with a
certain life cycle pattern. These methods have some increase in
accuracy of forecasting, but at the expense of increased complex-
ity. The method adopted by this paper has been demonstrated as a
simple but effective method in the application of forecasting obso-
lescence of electronic parts [6]. Product life cycle ontology is
defined. It contains important life cycle stage information, and can
be reused in obsolescence management. The formalized obsoles-
cence forecasting method by ontology representation has potential
for integrating with other noncommercial and commercial obso-
lescence management tools through unified information format.
Ontology representation for obsolescence forecasting is a prom-
ising approach to knowledge representation for obsolescence man-
agement. Today’s obsolescence management tools are populated
by a set of data and service providers that are neither integrated
with each other, complete, consistent in the information provided,
or even contain consistent definitions of the quantities tracked and
archived. It is unclear if the data available is a complete description
of the state of a part and data conflicts are more common than data
agreement. The ultimate success of the obsolescence management
will rely on developing a more integrated web-centric system that
allows information sharing, reuse, and collaboration on obsoles-
cence issues across different organizations. The challenge for such
an integrated web-based environment is to represent domain
knowledge in a manner that supports sharing information from the
obsolescence domain integration of all obsolescence resolution
activities. Hence, our future work will extend the ontology beyond
the initial representation for obsolescence forecasting, to a more
comprehensive knowledge representation scheme and management
system that can facilitate information sharing and collaboration for
obsolescence management and mitigation efforts between existing
tools and across different organizations.
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